Many mental disorders emerge during adolescence, which may reflect a cost of the potential for brain plasticity offered during this period. Brain dysconnectivity has been proposed as a common factor across diagnostic categories.
A dolescence is a major window for individual adaptation, growth, and opportunities; however, it also coincides with the emergence of many mental disorders, 1 which may reflect a cost of the vast potential for brain plasticity offered during this period. Several lines of evidence, including substantial shared genetic contribution to mental disorders, high rate of psychiatric comorbidity, reports of a common underlying factor across diagnostic categories on which high-scoring individuals are more likely to have cognitive impairments as well as compromised early-life brain function, all highlight the importance of identifying brain-based intermediate phenotypes that may be shared across disorders and present before the clinical manifestation of disease. [1] [2] [3] [4] Crucially, the myelinated axons of the brain white matter form the structural backbone that enables functional integration and adaptation of neural networks, together termed brain connectivity. There is a long-held notion of brain dysconnectivity as a transdiagnostic model for psychopathology, in which aberrant brain biology and synchronization modulate the risk for mental health issues. 5, 6 Recent demonstration of a link between a specific pattern of cross-talk between brain networks and a general positive-negative mode of population variability across a range of behavioral, demographic, and lifestyle measures supports that the level of individual adjustment can be conceptualized along a single dimension with a common brain basis.
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The microstructural and connectivity properties of the human brain undergo profound changes throughout childhood and adolescence with a protracted maturation continuing well into the third decade 8, 9 and play a paramount role in the development of a healthy mind. Whereas the boundaries of this maturational potential are likely regulated by genetic predispositions, experiences and environmental perturbations mediate the individual development of cognitive and mental characteristics. 10 The intricate biological processes shaping the brain connectome during neurodevelopment are highly coordinated across the brain, yet white matter development in childhood and adolescence also displays anatomically differentiated trajectories, suggesting regional variation in rates and timing of maturational changes. 8 Hence, when considered from a system-level perspective, different brain circuits may compete for common resources, and the cognitive and clinical correlates may be modulated by the relative balance between different networks subserving distinct functions. Indeed, diffusion-weighted imaging-based indices of brain tissue organization may reflect the relative balance between differentially affected crossing fiber populations. 11 Consequently, fusion of multimodal brain imaging indices, which allows for a joint consideration of different brain characteristics, may yield more biologically interpretable patterns of brain microstructure and connectivity sensitive to the development of cognitive and mental health.
To inform brain-based models of the development of cognitive functions and risk for psychopathology, and in line with the aims of the National Institute of Mental Health Research Domain Criteria project for mental disorders, 12 we performed a data-driven multivariate delineation of brain and behavioral phenotypes. Scores from a diverse battery of cognitive tests and clinical questionnaires were decomposed to form and isolate general and specific phenotypic traits, including general cognitive and general psychopathology factors, using principal component analysis and independent component analysis (ICA). In a subset with available diffusion-weighted imaging data, we used linked ICA (LICA) 13 to decompose 8 white matter maps per individual reflecting different microstructural properties into independent components. Each component is characterized by group-level spatial maps (1 per white matter index) and corresponding participant weights (1 per participant) reflecting the individual contribution to the observed brain patterns. These weights were used in multivariate crossvalidated analysis for prediction of age, cognition, and psychopathology using machine learning and to test for univariate associations. We used genome-wide complex trait analysis 14 to estimate the lower-bound heritability of the general cognitive and general psychopathology phenotypes based on variation in common single-nucleotide polymorphisms (SNPs) in a subset of individuals of European descent and estimated the genetic correlation between these traits.
Methods

Sample and Exclusion Criteria
The analysis was based on the publicly available data from the Philadelphia Neurodevelopmental Cohort. 18 and rotation of diffusion gradients. Fractional anisotropy, eigen-vector and eigenvalue maps were then computed by fitting a tensor model to the corrected diffusion data and used to derive maps for axial (L1, the principal diffusion tensor imaging eigen value), mean and radial diffusivity, and the mode of anisotropy.
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Estimation of the probability distribution of the diffusion directions was performed with the graphics processing units accelerated version of bedpostX toolbox (part of FMRIB's Diffusion Toolbox, version 3) 22 with up to 3 fibers estimated per voxel. The maps for the dominant (f1) and the secondary (f2) fiber population were used in further analyses. Whole-brain probabilistic fiber tracking was performed using probtrackx2 (part of FMRIB's Diffusion Toolbox, version 3). 23 In line with a recent application in aging and dementia, 24 for each participant and from each voxel inside the native space whole-brain seed mask, 100 pathways were sampled, resulting in a 3-dimensional volume tractography map per participant, which were normalized by dividing with the total number of streamlines processed. Thus, the value in each voxel in this probabilistic tractography connectivity density map represents the likelihood that any streamline will pass through that voxel. All maps were nonlinearly transformed to the FMRIB58_FA template and skeletonized using the FMRIB's Diffusion Toolbox Tract-Based Spatial Statistics (TBSS) pipeline (part of FMRIB Software Library, version 5.0.9). 25 Fiber orientation maps were warped and skeletonized using tbss_x (part of FMRIB Software Library, version 5.0.9).
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We performed data-driven decomposition of imaging features into independent components using FMRIB's LICA, 27 which models the interparticipant variability across modalities.
13,28 For each participant with available diffusionweighted imaging data (n = 748), we included 8 skeleton maps reflecting different microstructural and connectivity properties (fractional anisotropy, L1, radial diffusivity, mean diffusivity, mode of anisotropy, f1, f2, and connectivity density).
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The model order was heuristically chosen at 20 components based on a visual inspection of the spatial maps. Each LICA component is characterized by 8 group-level spatial pseudo z maps, 1 for each of the white matter indices, modality weights reflecting the white matter indices' contribution to the component, as well as participant weight for each participant reflecting the individual relative contribution to the observed spatial patterns. For instance, if a voxel has positive pseudo z value for a given modality, then higher participant weight means higher values for that modality in that voxel, and vice versa. For visualization of the skeleton-based LICA modality maps, we used tbss_fill, with a threshold at absolute z score of more than 3.
Behavioral Phenotypes
All participants completed a computerized test battery. 16 We assessed cognitive performance scores from all participants (n = 6487) on 12 tests (eTable 1 in the Supplement) spanning executive control and working memory, episodic memory, verbal and nonverbal reasoning, and social cognition. These included accuracy and reaction time measures. Scores were adjusted for age using a linear model, and the residuals were submitted to principal component analysis. 
Statistical Analysis
Prediction of age, Gf, and mean ICA using LICA participant weights was performed using shrinkage linear regression with automatic estimation of the correlation shrinkage intensity.
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We performed 1000 iterations each with a separate 10-fold cross-validation before calculating the mean correlation across all iterations. Feature importance was assessed by correlationadjusted (marginal) correlation scores. 31 To assess significance, for each trait we performed 10 000 permutations of the 10-fold cross-validated prediction while randomly permut-ing the trait scores. Univariate associations between LICA participant weights and cognitive and clinical variables were performed using linear models and included age, sex, and temporal-signal-to-noise ratio as covariates and corrected for multiple comparisons using false discovery rate. All reported P values are 2-tailed unless otherwise specified. For visualization of age curves of LICA participant weights (eFigure 1 in the Supplement) for high-and low-scoring individuals (Gf and clinical ICA score), we used a cutoff of plus or minus 1 SD to form groups Gf high (n = 114), Gf low (n = 75), mean ICA high (n = 115), mean ICA low (n = 76), independent component (IC) 2 high (n = 126), IC3 high (n = 80), and IC4 high (n = 108). We then repeatedly fitted a smooth function with automatic estimation of the smoothness parameter 32 and computed the mean (SD) across 10 000 bootstraps for each of the groups.
Genetic Analysis
Genotyping was performed by the Center for Applied Genomics at the Children's Hospital of Philadelphia. Singlenucleotide polymorphisms filtering parameters are described in the eMethods in the Supplement. We used genome-wide complex trait analysis 14 to create a genetic relationship matrix based on the SNPs remaining after filtering (49 774) before running univariate and bivariate restricted maximum likelihood analysis to estimate SNP heritability for Gf and mean ICA, as well as the genetic correlation between these traits, in participants with European descent with overlapping phenotypic and genetic data (n = 2946). Age, sex, and platform were included as covariates. The genetic correlation between Gf and mean ICA scores was estimated through subsampling by drawing 6000 random subsamples (n = 2746) from the full sample (n = 2945) without replacement before estimating the mean (SD) of genetic correlation across the subsamples.
Results
Clinical ICA
The 7 ICs reflect the empirical clustering of specific psychopathology symptoms ( Figure 1 and eFigure 1 in the Supplement). Briefly, they represent attention problems (IC1); anxiety (IC2); norm-violating behavior (IC3); psychosis positive and prodromal symptoms (IC4); depression, suicide, and psychosis negative symptoms (IC5); mania (IC6); and obsessivecompulsive symptoms (IC7). The mean weights across these components (mean ICA) was highly correlated with the general factor (first principal component) from the principal component analysis on the same items (r =0. 97).
Linked Independent Component Analysis Age Prediction
The LICA components captured distinct patterns of neurodevelopment ( Figure 2A ). All components combined were highly associated with age (correlation between observed and predicted age: r =0. 77 ,P < .001; P value obtained from nonparametric permutation testing, eFigure 2 in the Supplement). This confirms the high sensitivity of brain features for age prediction in the Philadelphia Neurodevelopmental Cohort sample The color scale represents item loading on the independent components. ADHD indicates attention-deficit/hyperactivity disorder; OCD, obsessive-compulsive disorder; PTSD, posttraumatic stress disorder. and was primarily driven by the first component, capturing spatially global variance in fractional anisotropy, radial diffusivity, and mean diffusivity (LICA-01, eFigure 3 in the Supplement).
Cognitive and Clinical Prediction
The components also allowed for significant association with the general cognitive (Gf: r = 0.39, P < .001) and psychopathology (mean ICA: r = 0.24, P < .001) factors (Figure 2 ). These were both strongly driven by the same component (LICA-09) of which anatomical distribution and multimodal contribution is consistent with degree of crossing fibers in frontotemporal connections. Specifically, the spatial foci of LICA-09 encompassed the intersection between the uncinate fasciculus and the inferior fronto-occipital fasciculus, 34,35 with negative spatial weights for fractional anisotropy, f1, mode of anisotropy, and connectivity density and positive weights for f2 and radial diffusivity ( Figure 3A) . Although higher fractional anisotropy is often interpreted in terms of white matter "integrity," fractional anisotropy may also be higher in crossing fiber regions if 1 of the fiber populations is degraded and may be inferred based on the conjunction of mode of anisotropy changes in the same region. 11 Further, f1 and f2 models the evidence for 2 underlying fiber populations and the joint multivariate pattern revealed by LICA-09 thus is sensitive to the underlying anatomy at the intersection of 2 major white matter pathways in this region (eFigure 4 in the Supplement). Lower participant weights for LICA-09 with higher psychopathology implies less crossing fibers in individuals with increased symptom burden.
Univariate Associations
The robust clinical and cognitive relevance of LICA-09 was supported by significant univariate associations with a wide range of cognitive and clinical domain scores ( Figure 4 ). They confirmed that the brain pattern in LICA-09 was less expressed in individuals with more severe general psychopathology and more expressed in individuals with higher cognitive performance. Although LICA-09 showed a significant negative association with age, its associations with cognitive and clinical features were relatively stable across the sampled age range ( Figure 3B ). Importantly, eFigure 5 in the Supplement illustrates that although the general cognitive and the general psychopathology scores showed a negative correlation (r= -0.35, P < .001), they exhibited independent associations with LICA-09. Further, the associations were robust to rigorous control for image quality indices (eFigure 6 in the Supplement), as well as projection distances from individual brains to the TBSS skeleton (eFigure 7 in the Supplement). When investigating individual clinical ICA components, each of which express more symptom specificity compared with the general psychopathology score, similar associations (eFigure 8 in the Supplement) were observed for anxiety and harm avoidance (IC2), antisocial and norm-violating behavior (IC3), and for psychosis positive and prodromal symptoms (IC4).
Genetic Analysis
Common SNPs explained 18% (P = .01; SE, 0.09) of the individual differences in general cognition and 16% (P =. 0 5 ; SE, 0.095) of the differences in general psychopathology. These 2 traits also showed a negative genetic correlation (resampling mean r = -0.74; SE, 0.15; 99% CI, -1 to -0.36; eFigure 9 in the Supplement).
Discussion
Adolescence is a sensitive ontogenetic period that hosts a protracted development of brain and psychological functions, as well as the emergence of several mental health disorders. We have shown that general factors of cognition and symptoms of psychopathology in children and adolescents are heritable traits that show partly overlapping genetic architecture. Further, we demonstrated that these behavioral phenotypes, which are likely to represent proxies of critical adult-life indicators, including educational attainment and mental health, are associated with brain white matter characteristics as revealed using advanced multivariate analysis of diffusion MRI metrics. The brain pattern most critical for prediction of both cognition and psychopathology captures the developmental coordination of 2 major white matter tracts during late childhood and early adolescence. In particular, the component reflects a distinct frontotemporal pattern reflecting crossing fibers at the intersection between the uncinate fasciculus and the inferior fronto-occipital fasciculus. This white matter microstructural pattern is of particular interest with respect to mental health. Uncinate fasciculus is among the tracts with the highest heritability 36 ; it shows protracted maturation compared with other fiber tracts 8 and is hypothesized to subserve a limbic temporo-amygdala-orbitofrontal network critically involved in integration of emotional states with cognition and behavior.
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Spatial maps for LICA-09, with percentages representing the relative modality contributions (A). Warm and cool colors represent positive and negative LICA weights, respectively (pseudo z threshold of ±3), overlaid on the uncinate fasciculus (pink) and inferior fronto-occipital fasciculus (purple) from the Johns Hopkins University white matter tractography atlas. Weights are plotted as a function of age and stratified by fluid intelligence (Gf) (B) and clinical independent component analysis (ICA) scores (C). The lower participant weights for participants with higher symptom burden entails increased fractional anisotropy (FA), dominant fiber population (f1), L1 (the principal diffusion tensor imaging eigen-value), connectivity density (CD), and mode of anisotropy (MO), and decreased secondary fiber population (f2) and radial diffusivity (RD) in the uncinated in the insular region, consistent with decreased crossing fibers. Curves and shaded area represent the mean (SD) of smooth function fitting across 10 000 bootstraps.
Similar associations were observed for anxiety, antisocial behavior, as well as for psychosis positive and prodromal symptoms. This confirms that the reported brain pattern is broadly associated with a range of psychopathology symptoms rather than showing specificity with a certain clinical domain. These 3 symptom categories have been shown to belong to separate empirical symptom factors, often termed internalizing, externalizing, and thought disorder symptoms; however, they also load on a general psychopathology factor, implying shared common risk. 3 A 2016 study supported the existence of a general and heritable psychopathology factor in children and adolescents. 38 Here, by using multivariate techniques for data reduction and integration, we replicate and extend those findings in the Philadelphia Neurodevelopmental Cohort 15 by showing that a general cognitive and a general psychopathology factor are heritable with a shared genetic contribution and are associated with a distinct pattern of white matter microstructure and connectivity in the developing human brain.
Limitations
The current study comes with some limitations. Follow-up assessment is needed to determine the relevance of our findings for long-term outcome. Images with reverse-phase encoding were not collected but would enable better distortion correction and artifact detection, and multishell diffusion weighted data would increase the sensitivity of detecting fiber crossing. 39 The sample size for the heritability analysis was on the lower end, and point estimates should be interpreted with caution as the confidence intervals are wide. However, the estimated negative genetic correlation between cognition and psychopathology is unlikely to occur in a population with 0 or positive values for genetic correlation, and the sign of the correlation is also in agreement with large-scale studies on cognition and psychopathology in adults. 40 Future studies with larger samples are needed to determine whether there is also a genetic correlation between the observed brain phenotype and psychopathology. Mental illnesses typically emerge during childhood or adolescence and often persist into adulthood. To characterize the mechanisms responsible for debilitating psychiatric diseases, we must elucidate genetic, biologic, and environmental risk factors that underlie these complex disorders.
Large-scale populationbased studies that use quantitative measures of brain and behavior are crucial for bridging the divide between molecular biology and disease phenomenology. Linking disease phenotypes with intermediate variables that span several levels of biological analysis will help clarify how these variables contribute to the development of brain systems that underlie complex behavior and mental illness.
In this issue of JAMA Psychiatry, Alnaes et al 1 take a unique, much-welcomed approach by combining genetics, diffusionweighted neuroimaging (DWI), cognitive data, and clinical data from the Philadelphia Neurodevelopmental Cohort (PNC) study, a large-scale population-based study of brain development in youth that incorporates publicly available data 2,3 to investigate the relationship between brain white matter (WM) and the cognitive and clinical features of mental illness. Alnaes et al demonstrate that characteristic patterns of WM within the frontal and temporal lobes, including within the uncinate fasciculus, are associated with 2 of the most intractable elements of mental illness, general cognitive performance and clinical symptoms, in putatively at-risk youth. These findings are noteworthy for several reasons. First, the authors use a sophisticated multivariate approach to simultaneously model and validate common features across multiple DWI metrics, which likely provides a better representation of the true signature of brain WM. In addition, the use of cross-validated, data-driven delineations of brain and behavior is necessary, given the high dimensionality of the PNC study data. Interestingly, the outcomes of this sophisticated analytic approach are associations of disrupted WM in the medial temporal lobe and frontal cortex with altered performance and symptoms, and this aligns with previous observations in studies that used structural 2, 4 and diffusion 5, 6 magnetic resonance imaging to assess a range of mental disorders. Specifically, the uncinate fasciculus is a critical WM tract that provides bidirectional connections between the limbic system, including the hippocampus and amygdala, and the late-todevelop orbitofrontal cortex. .000 children and adolescents were recruited through primary care clinics for genotyping at the Center of Applied Genomics at the Children's Hospital of Philadelphia. A random sub-sample, after stratification of sex, age and ethnicity, were later contacted for recruitment in the PNC-study, and a total of 9428 were included and underwent comprehensive cognitive and clinical assessment. Of these, a random sub-sample, stratified by age and gender, were asked to participate in sub-sequent neuro-imaging, performed on a separate study day. Exclusion criteria were severe medical problems, impaired vision and hearing affecting ability to complete tasks in the scanner, and general MRI contraindication such as biomedical implants. The total MR-sample comprised 1,445 participants, and the participants included in the current study are from the first batch of participants made available.
MRI Quality Assessment: tSNR was estimated using the same scripts and approach previously described for the PNC sample.
2 Out of the 839 datasets remaining after exclusion based on medical conditions, 91 individuals (10.8%) were excluded based on a tSNR cut-off of 5.7. We also performed several follow-up-analyses based on tSNR, motion (Supplementary Figure 6) as well as the entropy of the distribution of the principal diffusion directions (Supplementary Figure  7) . The latter measure was calculated using DTIPrep, 3 in order to capture vibration related artefacts in the data which may affect DTI metrics.
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Genetic analysis: We included data from the following platforms: Illumina OmniExpress (n = 1,241), Illumina Human-610 Quad (n = 1,895), Illumina HumanHap-550-v1 (n = 317), Illumina HumanHap-550-v3 (n = 997). The chip-genotyped SNPs overlapping across the platforms were extracted and used to form a data set to apply the following filters on: individuals with relatedness > .05 (n=296); removal of SNPs in the major histocompatibility complex (25:35 Mb region on chr6) and the inversion region of chr8 (7:13 Mb); SNPs with genotyping rate <99%, minor allele frequency < 5% and Hardy-Weinberg Equilibrium test p-value < .0000001; pairwise pruning of SNPs in linkage disequilibrium (r 2 > 0.2, window of 5,000, step of 500). eFigure 1. Distribution of Subject Weights for the 7 Clinical ICA Components, as well as the General Symptom Score (mean ICA) Extreme groups were formed for visualization purposes: the horizontal lines represent the cutoffs (+/-1 sd) and the resulting sample-sizes for the groups, for mean-ICA, IC2, IC3 and IC4. When contrasting their whole-brain connectivity densities, the former cluster shows higher connectivity probability with the IFOF while the latter shows higher connectivity probability with the UF.
